The rising need of crowd monitoring in public spaces, especially for safety purposes, pushes the research community to propose and experiment novel methods of crowd density estimation. This paper focuses on device-free RF sensing, which does not require the monitored people to carry any electronic device. In particular, the paper proposes and assesses the performance of a crowd density estimation system based on the analysis of the variations of Channel State Information (CSI) computed from unencrypted synchronization signals transmitted by a eNodeB and reflected/scattered by people located in the monitored area. The proposed method uses features extracted from the list of singular values of the CSI secant set. This approach allows to reduce the impact of CSI variations due to noise or HW instability, improving the sensitivity to CSI variations caused by human presence. The average accuracy achieved by the proposed approach is 84%, which is comparable with the accuracy achieved with WiFi based crowd density estimation systems.
I. INTRODUCTION
Crowd counting systems are highly beneficial tools in several emerging applications such as: shopper analytics, where the information on how people move around in a shop can be used both for optimizing the layout of the shop and for optimizing the staff management and/or the goods organization; public safety and security, where crowd counting is fundamental for early detection of dangerous over-crowded situations; intelligent transportation systems (ITS), where bus and train schedules or boarding and payment processes may be adjusted according to the number of people waiting for the service. Several approaches for automatic crowd-counting have been proposed in literature. In this paper, we focus on device-free approaches where people do not need to carry any device (such as smartphones, RFID tags or sensors). Traditional device-free approaches are based on video-cameras and image processing [1] , which have several limitations related to the light conditions and deployment costs in complex environments. Furthermore, the use of cameras poses privacy concerns. An alternative approach, which is gaining The associate editor coordinating the review of this manuscript and approving it for publication was Wei Xu . more and more interest, is based on the use of opportunistic RF signals [2] - [6] . The idea is to process the received RF signals of wireless networks to extract the changes of the propagation channel induced by the presence of different number of people. As a matter of fact, all mentioned works use WiFi signals. Recent works have started to consider also Long Term Evolution (LTE) signals for radio analytics applications [7] . LTE signals are excellent candidates as signals of opportunity thanks to their ubiquitous availability and penetration in indoor environments. They could be available in areas where the WiFi coverage is not present, such as remote and small railways stations or large open spaces, as city squares or stadiums. Most of the works are based on the use of LTE signals with a passive radar approach [8] , [9] , and not specifically for crowd counting, but for other applications such as localization and target tracking [10] - [12] .
Authors of [13] have proved the feasibility of a crowd density estimation system based on LTE. In [13] , the use of features extracted from the Reference Signal Received Power (RSRP) provides an accuracy of around 80% for a number of people up to 5 and by collecting data from LTE signals of 1.4 MHz of bandwidth. This paper aims to provide a significant step forward with respect to [13] in terms of performance. First of all, LTE signals with a bandwidth of one order of magnitude wider are considered (15 MHz instead of 1.4 MHz). Moreover, to fully take advantage of this wider bandwidth, novel features are extracted from the Channel State Information (CSI) vectors. In particular, the key contribution of this paper is the proposal to use features extracted from the SVD of CSI difference vectors (secant set). It is worth outlining that the use of data dimensionality reduction approaches such as Singular Value Decomposition (SVD) and Principal Component Analysis (PCA) have been proposed in several RF sensing systems (crowd counting, activity/gesture recognition, signal fingerprinting) to reduce the instability of the collected data due to noise and hardware impairments [14] - [17] . Usually, the idea is to extract features from a transformed dataset reconstructed using the components (singular values for the SVD or principal components for the PCA) that are considered to better represent the useful information contained in the original dataset.
The proposed approach is different as it uses all components (i.e. all the singular values) of the decomposition applied to the CSI secant set matrix. Then, a set of features is extracted from the overall list of singular values sorted in descending order. The experimental results reported in this paper confirmed that, as expected, there is a strong correlation between the number of people in the monitored room and the shape of the curve representing the sorted list of singular values of the CSI secant set. Therefore, the authors propose the use of features that characterize the above mentioned descending curve (its slope, center of gravity, etc.). Such approach also allows to reduce the impact on the performance of the power fluctuations resulting in an additive scaling constant, due to noise and other hardware instability. Experimental results carried out with a number of people up to 17, show that this novel approach, combined with the use of a larger bandwidth (15 MHz instead of 1.4 MHz), can provide performance comparable with the ones of a system based on WiFi signals.
The paper is organized as follows: Section II discusses the related works on RF-based crowd counting; Section III presents the CSI computation method and pre-processing; Section IV introduces the novel approach to feature extraction based on SVD; Section V shows the classification method and the experimental results; Section VI draws the conclusions.
II. RELATED WORKS
Currently, crowd counting and people monitoring through RF signals is a hot topic of research. In this framework, different approaches have been proposed in literature which can be divided at first instance in two main categories: device-aided or device-free. Device-aided solutions rely on the sniffing of up-link signals transmitted by user devices to capture the unique Medium Access Control (MAC) address. In this framework, different radio technologies can be used, such as Bluetooth (BT) sensors [18] , WiFi access points [2] , or integrated WiFi-BT technologies [19] . Some innovative passive systems using LTE have been recently proposed to identify the number of users served by an LTE base station through sniffing the down-link control information in physical layer protocol [20] . Such approaches, which depend on devices that are carried by the monitored people, could not be suitable for some security applications. RF device-free approaches are based on the analysis of the propagation channel variations of wireless signals (e.g. WiFi or LTE), which are induced by the monitored people. The impact of the monitored people on the RF signal can be assessed either using traditional radar methodologies (range and Doppler analysis) or by analyzing features extracted by channel quality measurements such as Received Signal Strength Indicator (RSSI) and CSI. WiFi passive radar approaches have been mainly proposed for indoor and outdoor moving target detection and localization; the system configuration is in general bi-static or multi-static, obtaining a range resolution of about 25 m, while the equivalent velocity resolution is less than 1 m/s (integrating Doppler analysis over less than one second) [21] . WiFi passive radar has been also used for through-the-wall sensing of personnel [22] . Also LTE signals have been recently applied with a passive radar approach to perimeter surveillance, monitoring pedestrians, vehicles and small drones and obtaining good performance in terms of probability of detection/false alarms (90% and 10 −5 , respectively) and reaching a range of few kilometers [23] . Additional examples of the possibility to use a LTE passive radar approach for outdoor tracking of multiple targets can be found in [24] . It has to be outlined that, to the best of the authors knowledge, no specific application of passive radar for crowd counting, either with WiFi and LTE signals, has been proposed in literature.
The approaches based on channel quality measurements rely on predictive features that are extracted from RSSI, RSRP or CSI measurements. In general the performance obtained through RSSI analysis are good only for small environment monitoring, where the propagation channel variation is largely dominated by the attenuation caused by the monitored people; on the other hand, in a rich scattering environment the analysis based on CSI provides a more reliable understanding on the human activity in the room [25] . Most of the works in this field are based on features extracted from WiFi signals in different domains as time correlation and statistics, probability density function, Doppler spectrum, frequency analysis, etc [26] . As a matter of fact, very few scientific works have been focused on features extraction from LTE signals; in [13] the authors have demonstrated for the first time the use of features extracted from LTE signals for density estimation, obtaining very promising results. However, this feasibility study only considers signals with a bandwidth of 1.4 MHz and few people in the room (up to 5). The limited bandwidth that is considered in [13] does not motivate the use of features directly related to the CSI and to the frequency selectivity of the channel. As a matter of fact, in [13] the used features are related to the RSRP. Therefore, the present paper represents a significant step forward in terms of performance, which is achieved by using a wider bandwidth and novel features extracted from the SVD of the CSI secant. It is worth outlining that the use of SVD has been proposed in several RF sensing systems. However, it is used either to reduce the instability of the collected data due to noise [17] or to reduce the impact of some component of the data that is common to all collected vectors, for instance related to the background environment [27] . This paper proposes a different use of the SVD. In particular, the paper shows a strong correlation between the number of the people and the shape of the curve achieved by the sorted list of singular values of the CSI secant set, motivating the extraction of novel features for crowd density classification.
III. COLLECTION AND PREPROCESSING OF CSI VECTORS
In OFDM systems, CSI represents an estimation of the Channel Frequency Response (CFR) and consists in a vector of complex channel gains per subcarrier, which are estimated by the receiver and used for channel equalization. In the following, we consider only the LTE Frequency Division Duplexing (FDD) mode, in which uplink and downlink channels are separated in frequency. In LTE, data are transmitted over a time-frequency grid, which is organized as follows: a radio frame has a duration of 10 ms and is the largest unit of time in the LTE resource grid. Each radio frame is divided into 10 subframes having a duration of 1 ms, each of which is split into 2 slots of duration 0.5 ms. Each slot consists of 6 or 7 OFDM symbols (depending on the cyclic prefix length). In the frequency domain, the finest granularity is provided by OFDM subcarriers which are spaced by 15 kHz from each other. The minimum resource unit is called Resource Element (RE) and consists of one OFDM subcarrier in the frequency domain and one OFDM symbol in the time domain. The smallest unit of resource that can be allocated to a User Equipment (UE) is called Resource Block (RB), which is a group of 12 contiguous OFDM subcarriers (180 kHz) in a time slot of 7 (or 6) OFDM symbols.
In the LTE standard, the concept of antenna port has been introduced. An antenna port is a generic term used for signal transmission under identical channel conditions and is defined for each independent channel in the downlink direction. A UE must perform a separate channel estimation for each antenna port through separate reference symbols. In order to exploit spatial diversity, an eNodeB can map logical antenna ports to different physical transmitting antennas.
The channel frequency response is a complex-valued vector of N sub elements providing the base-band channel gain and can be estimated for each pair of transmitting antenna port and receiving antenna. Let us denote with
N sub ] the CFR for the i-th antenna port, i = 1, . . . , N tx , and for the j-th receiving antenna, j = 1, . . . , N rx . The received signal after the N -point Discrete Fourier Transform (DFT), at the j-th receiving antenna, and for the k-th subcarrier, k = 1, . . . , N sub , can be computed as: where x i k is the transmitted symbol and n j k is the complex white Gaussian random process representing the noise and the inter-cell interference. The CSI is computed by the receiver using the Cell specific Reference Signal (CRS) inserted in specific OFDM symbols within every slot. Fig. 1 shows the CRSs in a RB, where CRSs represented by different colors correspond to reference symbols transmitted over different antenna ports (2 antennas are assumed). A single slot includes a total of 4 CRSs per antenna, located over different subcarriers and OFDM symbols.
In this work, we propose to extract the CSI from the LTE signal of bandwidth of 15 MHz. We assume that the channel stays rather stationary over a slot (0.5 ms), i.e. the coherence time is equal or greater than the time slot duration (this choice is consistent with crowd density estimation scenario). Under this assumption, the CRSs in different positions in the same slot can be aligned at the same instant of time for each antenna, doubling the size of the CSI resulting vector. The 15 MHz signal bandwidth consists of 75 RBs, which are employed to transmit both data and pilot symbols. This number of RBs carries N sub = 75·2·2 = 300 (75 RBs × 2 CRSs × 2 positions) subcarriers that are used to estimate the complex channel gains. The complex vector that represents the channel estimation is the CSI vector. In our experimental setup we have used a single antenna LTE receiver and extracted the CSI from an eNodeB transmitting CRSs over 2 antenna ports. Let us denote the collected CSI withĥ i , which can be expressed as:
where the index j of the receiving antenna was omitted, since in our setup just one receiver antenna is used. CSI measurements are very noisy due to multiple sources of noise. Fig. 2 shows the amplitude of thousands of consecutive CSI overlapped to each other, collected for one of the antenna port and with a bandwidth 15 MHz. It can be clearly observed the noisiness of the estimated channel frequency response, which rapidly fluctuates both between adjacent subcarriers and between consecutive instants of time.
To minimize the effects of noise on the CSI, the least square estimates were averaged using an averaging window both in frequency and time domain. In particular, we have used the filtering method described in [28] (Annex F.3.4), which consists of the following steps: 1) Time averaging is performed across each subcarrier for W t = 3 consecutive OFDM symbols that carry pilot symbols, resulting in a column vector containing an average amplitude for each subcarrier that is carrying a reference signal. 2) Frequency averaging is performed by computing the moving average in the frequency domain of the timeaveraged reference signal subcarriers. The sliding window size is W f = 19, but for subcarriers at or near the edge of the channel the window size is properly reduced. 3) Decimation is performed to reduce the amount of data to process and is chosen such that system performance do not degrade. The decimation factor used in our processing is D f = 40. Fig. 3 shows the filtered CSI amplitude for the same series depicted in Fig. 2 ; it can be noted how the filtered CSI is much less noisy than the raw CSI, and the series of CSI vectors tend to follow a common ''shape''. As discussed in the next Section, the filtered CSI vectors are then processed to extract the features that are used by the classifier to count the number of people in a given environment.
IV. FEATURE EXTRACTION FROM CSI VECTOR DIFFERENCES AND SVD
First of all, the proposed crowd density estimation system is based on the observation that the higher is the number of people, the more significant is the variation on CSI vectors that is induced. However, there are three types of CSI vector variations: 1) CSI variations caused by human movements; 2) CSI variations caused by random noise and 3) CSI variations caused by unpredictable power fluctuations at the transmitter and/or at the receiver [29] . The first type of variation is the one that we aim to quantify. The second type of variation is partially filtered out through the CSI preprocessing step which was described in the previous Section. The third type of variation is counteracted in our approach as we extract features from the matrix of CSI vector differences which are not sensitive to the relative level of the CSI and hence to the power fluctuations, but are sensitive to their shape variations.
Let us denote withĥ i k the CSI vector collected at time index k and let us compute the vectorâ i k taking only the complex magnitude of the elements ofĥ i k . Now, consider the set A of W = 500 consecutive CSI amplitude vectors -which are equivalent to 10 seconds -: A = {â i l+1 ,â i l+2 , . . . ,â i l+W }. A matrix D of CSI amplitude vector differences is extracted from A taking all vector differences of pair of vectors in A . As a consequence, D is a W (W −1) 2 × N sub matrix representing the secant set of A .
We then apply the SVD to the matrix D of CSI amplitude vector differences. The SVD of the matrix D is the factorization of D into the product of three matrices as follows:
where the columns of U are eigenvectors of DD T , and the columns of V are eigenvectors of D T D. is a pseudodiagonal matrix and the r singular values s n , n = 1, 2, . . . , r on the diagonal of are the square roots of the nonzero eigenvalues of both DD T and D T D.
We recall that the number of nonzero singular values is equal to the number of linearly independent rows or columns of D. As per convention, the singular values are sorted in descending order.
Smaller singular values are expected to be related to the noise or random instability on the collected data while higher singular values are related to independent patterns that can be identified in the collected data. Therefore, assuming that variations of the CSI amplitude induced by different persons are independent, we expect that the value of the largest singular values increases as the number of people increases. Therefore, considering the curve achieved by linearly interpolating the singular values, ordered in descending order, we expect that this curve decays less rapidly as long as the number of people increases. Moreover, this trend of singular values is independent from any additive scaling factor applied to the rows of D. In this framework, it can be expected that a method based on the characterization of this curve built on the singular values of the CSI secant set matrix D, is not sensitive to the power fluctuation of CSI amplitude vectors. Fig. 4 confirms this intuition. In Fig. 4 , the curve of sorted singular values is shown for data collected in a room with different number of people; the ordinate reports the singular values while the abscissa reports the related index. It is evident that when the number of people is low (e.g. 1-2), the curve is less steep, while when it is high (e.g., [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] , the curve is steeper. Therefore, we propose to use as features metrics characterizing the trend of this curve.
In particular, with reference to Fig. 4 , let us denote with y(x) the monotonically not increasing curve that linearly interpolates the singular value sequence, y n = y(x n ), where x n = {x 1 , x 2 , . . . , x r } are the singular value indexes. The following set of features can be defined for this type of function.
The m-th slope of y(x) can be defined as:
which is a negative number if the curve is decreasing at the m-th point. Specifically, we restricted our analysis to the 1st and 2nd slope. The average slope of y(x) can be defined as:
where r is the number of points of the curve (the number of singular values).
The center of gravity of y(x) can be defined as:
The area under the curve y(x) can be defined as:
It is worth noting that, for the particular case of singular values indexed by
V. PERFORMANCE ASSESSMENT
In the following, the performance of the proposed method is experimentally assessed, assuming a number of people up to 17. Moreover, the proposed method is compared with a method based on features extracted from the RSRP, as previously proposed for LTE crowd density estimation [13] .
A. EXPERIMENTAL SETUP
The collection of CSI and RSRP measurements of our experiment has been carried out using the OpenLTE software and a USRP N210 SDR platform located in the monitored room of size 5 m × 9 m. The eNodeB is located at a distance of 550 m from the SDR platform. A total number of 17 volunteers took part to the experiment by moving in the considered room. CSI and RSRP measurements have been collected for at least two minutes and for each group of people present in the room, ranging from 0 to 17 people. People were free to move or stand still during the experiments. The LTE receiver was placed on a desk near a wall at 1 meter height. It is worth noting that, volunteers were free to carry their own smartphones/LTE-device as this has no impact on the counting method. In fact, we only use synchronization signals transmitted by the eNodeB and these signals are orthogonal to any other signal transmitted by smartphones/LTE-devices, hence, we do not experience any interference. As outlined in Section IV, sensitivity of the proposed crowd density estimation technique decreases with the increase of the number of people in the room (see Fig. 4 ). It has to be underlined that the crowds classes have been selected in order to demonstrate how the proposed approach based on CSI SVD could provide a performance improving with respect to RF crowd density estimation techniques found in literature. As a matter of fact, many works rely on the estimation of few crowds classes without the distinction between empty room class, one person class and the other classes, [6] , [30] , [31] , in our work we pushed the system performance including these classes. After the computation of features for each different number of people and the separation of the overall dataset into a training set (50%) and a test set (50%), the naïve Bayes classifier is applied to every possible combination of 1, 2, 3, 4, 5 features from the overall set of features previously defined for both CSI secant set method and RSRP dispersion features method. Then, an exhaustive search was carried out to find the best set of features that maximizes the average accuracy of the classification. Fig. 5 shows the average accuracy for CSI and RSRP methods, assuming a varying number of features. From Fig. 5 it is possible to conclude that: 1) the average accuracy reaches its maximum when the number of features is set to 3 (and then, it saturates; 2) the proposed method clearly outperforms the method based on RSRP. Table 1 shows the confusion matrix for the method based on the SVD of the CSI difference matrix, assuming that the best set of three features is computed on the sorted list the singular values (i.e. 2nd slope, center of gravity and area under curve). The accuracy, averaged on all considered classes, is of 84%. It is worth outlining that at the best of author's knowledge, the proposed work is among the first ones in literature that exploits the LTE signal for counting people in indoor environments. In Table 2 relevant works on crowd counting are reported. It can be noted how most of the works are based on the use of the WiFi signal or other 2.4 GHz signals. Being the type of signal used for sensing different, it is not possible to directly compare the results shown in this work with the results achieved by other passive device-free RF-based crowd counting methods. Moreover, systems performance are influenced by several aspects of the experimental setup: signal bandwidth, carrier frequency, distance between transmitter and receiver, number of transmitters and receivers, maximum number of people, room size, etc. Anyway, it is worth noting that our system has been tested over a maximum number of people higher than other works and the achieved recognition accuracy is comparable or higher with respect to the reported works. This is an important result as it proves the feasibility and goodness of the proposed approach for crowd density estimation, paving the way to further research.
VI. CONCLUSION
This paper proposes a novel approach for passive device-free crowd density estimation, based on CSI extracted from the LTE synchronization signals transmitted by an eNodeB. The novel approach proposed in this paper exploits the SVD of the CSI secant set. SVD has been extensively used in RF sensing systems to reduce the un-stability of the collected data due to noise or HW imperfections. On the other hand, the proposed method uses all components of the SVD. In particular, features are extracted from the sorted list of singular values, which has been demonstrated to be strongly correlated to the number of people in the monitored room. The performance of the proposed approach has been assessed assuming a number of people ranging from 0 to 17, achieving an average accuracy of 84%. This is a very promising result, which confirms the feasibility of the proposed crowd density estimation through LTE signals, whose performance is comparable with the ones of more extensively studied WiFi based system. The use of LTE for crowd density estimation widens the possibility to use passive RF-sensing also in indoor or outdoor scenarios where WiFi is not available, such as small train stations or city squares. Moreover, it could be also interesting to apply the proposed method based on the SVD and CSI secant set to WiFi based systems. MAURO She has involved in wireless access technologies (CDMA and OFDM), in particular, the waveforms design, optimization, and performance analysis of radio interfaces for terrestrial and satellite communications. Her research important part has focused on the use of EHF bands (Q/V band and W band) for satellite communications and the integration of satellite/terrestrial/high altitude platforms (HAP) systems. She is the author or coauthor of 130 articles in international journals and conferences. Her current research interests include the use of radio-frequency signals (opportunistic signals, such as WiFi or specifically designed signals) for sensing purposes, and in particular, device-free RF-based activity recognition/crowd counting/density estimation and localization; and UWB radar imaging (i.e., stroke detection).
GIANLUCA LIGRESTI received the bachelor's degree (magna cum laude) in Internet engineering from the University of Rome Tor Vergata, in 2019, where he is currently pursuing a the master's degree in ICT and Internet engineering. His current research interests include radio communications, including antenna's and radar's theory and design, mobile wireless technologies, and digital signal processing. 
